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A B S T R A C T

The convergence of transformative technologies, including the Internet of Things (IoT), Big Data, and Artificial
Intelligence (AI), has driven private edge cloud systems to the forefront of research efforts. The access to
massive terminals and the emergence of personalized services pose serious challenges for efficient resource
management in power private edge cloud systems. To address the challenge of inequitable resource allocation
in the private edge cloud, this work proposes an intelligent resource allocation strategy with a slicing and
auction approach. By formalizing the resource allocation problem as a Mixed Integer Nonlinear Programming
(MINLP) puzzle, the method transforms it into a hierarchical allocation challenge for Mobile Network
Operators (MNOs), Mobile Virtual Network Operators (MVNOs), and power terminals. The proposed Multi-hop
Progressive Auction Algorithm (MPAA) addresses the sliced resource allocation problem between MNOs and
MVNOs. Furthermore, a Terminal Resource Allocation Strategy (TRAS) based on improved particle swarm
optimization is proposed to solve the spectrum resource allocation problem between MVNOs and power
terminals. Extensive simulation results show that the bidding overhead of MPAA is reduced by 6.12% and
the average terminal satisfaction of TRAS is improved by about 1.3% compared to conventional methods, thus
improving the utilization of wireless resources within the power AIoT.

1. Introduction

By seamlessly integrating Information and Communication Technol-
ogy (ICT) and power infrastructure, the power Artificial Intelligence of
Things (AIoT) enhances the operational efficiency, reliability, intelli-
gence, and interaction of the grid [1–3]. As a customized component
of power AIoT, private edge cloud systems ensure real-time monitor-
ing, rapid response to faults, remote control of the grid, and other
instantaneous operations by dynamically allocating computing, storage,
and network resources [4]. Massive access to smart wireless terminals
used for power distribution, transmission, and management, causes
exponential growth in data volume. The private edge cloud network
makes it difficult to meet the tight demands of low latency for smart
services [5,6]. Spectrum allocation directly determines the speed and

∗ Corresponding author.
E-mail addresses: pengyuhuai@mail.neu.edu.cn (Y. Peng), 2110651@stu.neu.edu.cn (J. Wang), yxa337115654@163.com (X. Ye),

fazl.ullah@nottingham.edu.cn (F. Khan), dr.alikashif.b@ieee.org (A.K. Bashir), bmhshawi@uqu.edu.sa (B. Alshawi), leiliu@xidian.edu.cn (L. Liu),
momar3@iit.edu (M. Omar).

quality of data transmission from terminal devices to the private edge
cloud. It is the core of providing ultra-low latency and high band-
width communication services in power private edge cloud systems.
Therefore, efficient wireless resource slicing and reasonable spectrum
allocation are of great significance in improving the service quality of
private edge cloud systems.

In the context of the power private edge cloud systems, certain intel-
ligent services depend on high bandwidth and low latency transmission,
including highly reliable distribution network protection, robotic in-
spection, and other control-class functionalities [7]. Intelligent services
are increasing with the growing access to smart terminals. Secondly,
Smart meters, various types of power monitoring sensors, and other
massively connected devices generate massive amounts of collected
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data to be transmitted. The heterogeneous devices highlight the de-
mand for differentiated and personalized spectrum resource allocation
strategies [8]. In addition, the spatial and temporal complexity of
services is increasing due to changing user demands. Consequently, the
multiple services offered by the power private edge cloud systems pose
a significant challenge to allocating spectrum resources.

Numerous researchers have studied the wireless spectrum allocation
problem and established it as a non-convex mixed-integer programming
problem. This complex problem is converted into a combinatorial
optimization problem [9]. Various methods have been used to solve this
problem, including greedy algorithms, machine learning, and dynamic
programming algorithms, but often only local optima are obtained.
Particularly noteworthy among these strategies are auction algorithms,
which efficiently allocate spectrum resources while maximizing auction
revenues [10]. It is characterized by low computational complexity and
fast convergence. However, the currently prevailing spectrum auction
algorithm is mainly centralized and not directly applicable to complex
grids.

To solve the problem of inequality in wireless resource allocation in
local power AIoT, we propose an intelligent resource allocation strategy
with slicing and auction for private edge cloud systems. The main
contributions of this research can be described as follows:

1. The resource allocation problem is formalized and elucidated as
a mixed-integer nonlinear programming problem. The Multi-hop
Progressive Auction Algorithm (MPAA) is introduced to address
the complex task of resource allocation between Mobile Net-
work Operators (MNOs) and Mobile Virtual Network Operators
(MVNOs).

2. A Terminal Resource Allocation Strategy (TRAS) is proposed to
address the challenge of spectrum resource allocation between
MVNOs and power terminals, using an improved Particle Swarm
Optimization (PSO). To prevent convergence to local optima,
a simulated annealing algorithm is integrated to enhance the
global search capabilities of the PSO.

3. Extensive simulations demonstrate that MPAA effectively mit-
igates unnecessary costs associated with overpricing. Compar-
ative analysis with conventional algorithms shows that MPAA
reduces social welfare while reducing bidding costs by 6.12%.
Furthermore, with a 1.3% increase in average final satisfac-
tion over conventional approaches, the TRAS algorithm achieves
superior social welfare.

The remainder of this paper is organized as follows. Related work
is reviewed in Section 2. The system model is formulated in Section 3.
In Section 4, the design of the wireless resource auction algorithm is
presented in detail. Simulation results and analysis are discussed in
Section 5. Finally, conclusions are given in Section 6.

2. Related works

To solve the spectrum resource allocation problem, Alsharoa et al.
[11] proposed a satellite–airborne–terrestrial network resource man-
agement scheme to maximize the system throughput through frequency
division technique. Qin et al. [12] proposed a resource allocation
mechanism for an air–ground integrated power IoT network, which
effectively improves spectrum efficiency. Raveendran et al. [13] pro-
posed a cyclic trilateral matching-based virtualized resource allocation
mechanism for wireless networks, which improves user throughput
and system resource allocation efficiency. Qin et al. [14] designed a
content-oriented resource allocation algorithm and user-oriented re-
source allocation algorithm, which effectively improves the spectrum
allocation efficiency of air–ground integrated networks. All of the above
works use traditional methods, which make it more difficult to obtain
complete information in the usual situation, thus making the traditional
methods easy to converge to the local optimum. Some researchers have
explored reinforcement learning [15].

Zhang et al. [16] proposed a fuzzy logic-assisted Q-learning model
to intelligently and dynamically allocate resources using a centralized
allocation model, which effectively improves the network through-
put. Tian et al. [17] proposed a resource allocation framework based
on multi-intelligence deep reinforcement learning, which effectively
improves the quality of service in heterogeneous vehicle-mounted net-
works. Wanlu et al. [18] proposed a framework based on deep rein-
forcement learning and actor-critic technique, which effectively im-
proves the convergence speed and spectrum reuse rate. Wang et al. [19]
developed a multi-stack reinforcement learning (RL) algorithm, which
can effectively reduce the resource allocation latency through the
historical resource allocation scheme and user information. Since re-
inforcement learning requires a large amount of data to train the
model and is more difficult to converge in complex environments, some
researchers have used heuristics to solve the resource allocation prob-
lem [20]. Hu et al. [21] proposed a new heuristic learning method using
deep reinforcement learning to accelerate the convergence of heuristics,
which effectively reduces the delay of resource allocation and reduces
the delay in the spectrum multiplexing rate. Torres et al. [22] propose
a dual-objective hyper-heuristic algorithm for radio resource allocation
to maximize the quality of user experience. Nguyen et al. [23] propose
a meta-heuristic method to reduce the average user delay and increase
the link transmission rate. Katwe et al. [24] based a meta-heuristic
framework based on differential evolution, which jointly allocates the
available resources among multiple users to effectively improve chan-
nel utilization. The above heuristics converge slowly in complex and
large-scale problems.

Recently, due to its efficiency and fairness, the auction theory in
the economic domain has been introduced into resource allocation
algorithms. Zhang et al. [25] proposed a collaborative spectrum sharing
scheme based on Vickrey-Clarke-Groves (VCG) auctions to effectively
improve the spectrum utilization rate, which can be used for multi-unit
auction. Su et al. [26] proposed a mechanism based on VCG auction
which effectively improves the efficiency of the resource allocation
scheme. Yadav et al. [27] propose a sealed-bid auction mechanism for
spectrum allocation, which effectively improves spectrum utilization
and reduces computational complexity. Single-tier auctions provide
only a single auction phase, which leads to insufficient efficiency and
accuracy in resource allocation. Zhu et al. [28] propose a blockchain-
based two-phase secure spectrum smart sensing and sharing auction
mechanism, which greatly improves the total utility and throughput
of the system. Hosseinalipour et al. [29] propose a two-phase auc-
tion mechanism for cloud resources, which effectively improves the
efficiency of cloud resource allocation. Zhang et al. [30] proposed
auction-based multichannel collaborative spectrum allocation in hy-
brid satellite–terrestrial IoT networks to maximize the transmission
rate through VCG auction and sequential Vickrey auction. The above
schemes have insufficient consideration of the synergy and dynamic
adjustment of resources in the auction process, and there are limitations
in the efficiency and accuracy of solving the winner determination
problem.

3. System model

The local power AIoT consists of the private edge cloud and var-
ious types of power terminals. The power private edge cloud is a
cloud computing infrastructure that is close to the actual operational
scene of the grid, providing low-latency, high-bandwidth data pro-
cessing and analysis capabilities, and offering services such as load
forecasting, equipment troubleshooting, distributed energy manage-
ment, coordinated control of microgrids. As a hub for computing,
storage, and network resources, the private edge cloud system assumes
responsibility for status monitoring, power generation and consump-
tion management, and provision of customized smart applications to
promote advanced, green, and efficient energy use.



Future Generation Computer Systems 160 (2024) 879–889

881

Y. Peng et al.

Fig. 1. A two-layer spectrum allocation architecture.

Photovoltaic controllers, inspection robots, smart meters, and other
electricity terminals are used in the grid facility. These are responsible
for collecting data on power equipment, executing control commands,
and monitoring the status of the grid equipment at all times. They
rapidly transmit the status updates they collect to the private edge
cloud for immediate processing and take targeted action at any time
based on instructions from the cloud, creating a seamless cycle of
real-time response and management. To ensure real-time and reliable
wirelessly transmission of data between the terminal and the private
edge cloud, the two-layer spectrum allocation architecture is shown in
Fig. 1.

MVNOs provide dedicated services for a specific slice or multiple
slices of power terminals. However, MVNOs do not own or control
any wireless network facilities and must purchase network access from
MNOs to provide user services. To maximize the benefits of limited
resources, we propose a multi-layer wireless resource allocation model
that includes Power-Access Terminals, MVNO, and MNO. The terminal
requests will be transmitted over three types of spectral slices, including
eMBB (HP) slices, eMBB (LP) slices, and Massive Machine Type Com-
munication(mMTC) slices. Among them, eMBB (HP) is a high-priority
enhanced Mobile Broadband (eMBB) slice, eMBB (LP) is a low-priority
eMBB slice, and the priority order among the three slices is eMBB (HP)
> eMBB (LP) > mMTC.

The power terminals set is defined as 𝑘. When a terminal sends an
access request to the MVNO, it provides the MVNO with slice type
code, slice service type code parameters, and other primary informa-
tion. Multiple MVNO form a MNO, which is defined as 𝑀𝑉𝑛, 𝑛 ∈ 𝑁 .
The MNO is the owner of the wireless resources and allocates the
corresponding resources to each MVNO. Each power terminal obtains
wireless slice resources from the accessed MVNO. We assumed that
both the power terminal 𝑘 and the MVNO remain unchanged during the
resource allocation process. The MNO can provide available different
types of wireless resources with slice labels {𝛼, 𝛽, 𝛾,…} ∈ 𝑦. Each
MVNO allocates radio resources under the corresponding slice for the
accessed power terminals.

At a specific point in time, the MVNO gathers the current all power
terminals’ resource demands {𝛼𝑛, 𝛽𝑛, 𝛾𝑛...}, 𝑛 ∈  . A wireless resource
packet 𝛺𝑖 denotes any combination of multiple wireless resource types,

e.g., mMTC and eMBB(HP) may constitute a wireless resource packet
𝛺𝑚𝑒. The MVNO can obtain a combination of resources instead of
terminals. The maximum provisioning of all wireless resources ( )
is defined as the tolerance of  , which is the set of all subsets of  .

( ) =

{

𝛺𝑖|𝛺𝑖 ⊆  𝑖
 ,∀

𝑛
∑

𝑗=1
( 𝑖

 )𝑗 ≤ 𝑖


, 𝑖 ∈ |

|

 ||

}

(1)

where, ( 𝑖
 )𝑗 denotes the resource block demand of MVNOn for sliced

resource block 𝑖. 𝑖


denotes the maximum number of resource blocks
available for resource block 𝑖.

3.1. EMBB and mMTC transmission models

For an eMBB terminal, the data rate of terminal 𝑘 at time slot 𝑡 on
Resource Block(RB) 𝑏 can be expressed as 𝑟𝑒𝑘𝑏 (𝑡).

𝑟𝑒𝑘𝑏 (𝑡) = 𝑓𝑏𝑙𝑜𝑔2
(

1 + 𝛾𝑐𝑛,𝑘
)

(2)

𝛾𝑐𝑛,𝑘 =
𝑝𝑘𝑏(𝑡)ℎ𝑘𝑏(𝑡)

𝜎2
(3)

where 𝑓𝑏 is the transition bandwidth of RB b. 𝛾𝑐𝑛,𝑘 is the channel gain
between terminal 𝑘 and MNO. ℎ𝑘𝑏 (𝑡) is the transmitted time-varying
Rayleigh fading channel gain, 𝑝𝑘𝑏 (𝑡) is the downlink transmission power
allocated to terminal 𝑘 at time slot 𝑡.

Therefore, the data rate of eMBB terminal 𝑘 overall allocated RBs
𝑟𝑒𝑘(𝑡) can be calculated using Eq. (4).

𝑟𝑒𝑘 (𝑡) =
∑

𝑏∈
𝑥𝑒𝑘(𝑡)𝑟

𝑒
𝑘𝑏 (𝑡) (4)

𝑥𝑒𝑘(𝑡) =

{

1, if the RB 𝑏 is allocated to eMBB user 𝑘 at time 𝑡
0, otherwise

(5)

where 𝑥𝑒𝑘𝑏(𝑡) is the eMBB terminal’s RB scheduling indicator code at
time slot 𝑡. Assumed each mMTC terminal needs only one RB, the data
rate of an mMTC terminal can be expressed as 𝑟𝑚𝑘 (𝑡) due to the small
amount of mMTC sliced data.

𝑟𝑚𝑘 (𝑡) = 𝑥𝑚𝑘 (𝑡) 𝑓𝑏 log2

(

1 +
𝑝𝑘𝑏 (𝑡)ℎ𝑘𝑏 (𝑡)

𝜎2

)

(6)
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𝑥𝑚𝑘 (𝑡) =

{

1, if the RB 𝑏 is allocated to mMTC user 𝑘 at time 𝑡
0, otherwise

(7)

where 𝑥𝑚𝑘 (𝑡) is the mMTC terminal’s RB scheduling indicator code at
time slot 𝑡.

3.2. Problem formulation

To meet the service needs of users, we use terminal satisfaction to
characterize the transmission service quality of each power terminal.
The satisfaction function 𝑆𝑎𝑡 is detailed in Eq. (8).

𝑆𝑎𝑡 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

0.5, |𝑅𝑖𝑛𝑑 | = 0
1

1+𝑒
−

|𝑅𝑖𝑛𝑑 |
𝑅𝑟𝑒𝑞−|𝑅𝑖𝑛𝑑 |

, |𝑅𝑖𝑛𝑑 | = 1, 2,… , (𝑅𝑟𝑒𝑞 − 1)

1, |𝑅𝑖𝑛𝑑 | = 𝑅𝑟𝑒𝑞

(8)

where, 𝑅𝑖𝑛𝑑 =
{

1, ..., 𝑅𝐵𝑛
}

denotes the set of resource requirements
of terminals. It is assumed that the maximum number of RB that
each terminal can get is not more than 𝑅𝑟𝑒𝑞, i.e., the maximum sat-
isfaction level of the power terminal is 1. The actual number of RB
that can be obtained is |𝑅𝑖𝑛𝑑 |, and the minimum satisfaction level of
power terminals is 0.5. Considering that there is a difference in the
priority level of the individual slices, the weighting coefficients of the
eMBB(HP), eMBB(LP), and mMTC slices are defined as 𝜔𝑒𝐻 , 𝜔𝑒𝐿, and
𝜔𝑒𝑚 respectively. Therefore, the weighted terminal satisfaction of any
terminal within the eMBB(HP) slice is 𝜔𝑒𝐻𝑆ℎ

𝑎𝑡. Similarly, it is 𝜔𝑒𝐿𝑆𝑙
𝑎𝑡

for eMBB(LP), and 𝜔𝑒𝑚𝑆𝑚
𝑎𝑡 for mMTC. Hence, the average weighted

terminal satisfaction 𝑆𝑎𝑡 can be calculated using Eq. (9).

𝑆𝑎𝑡 =
∑𝐻

ℎ=0 𝜔𝑒𝐻𝑆ℎ
𝑎𝑡 +

∑𝐿
𝑙=0 𝜔𝑒𝐿𝑆𝑙

𝑎𝑡 +
∑𝑀

𝑚=0 𝜔𝑒𝑚𝑆𝑚
𝑎𝑡

𝑘
(9)

Meanwhile, to minimize the MVNO’s cost in acquiring RB from
MNO, it is considered a metric for objective optimization. It is defined
as 𝑈𝑛(𝑅) = 𝜔𝑖𝑝𝑖, where 𝑝𝑖 represents the MVNO’s final bid for the
resource package combination 𝛺𝑖, and 𝜔𝑖 is the weighting coefficient.
The MVNO’s cost is determined by the final price it pays, with lower
prices resulting in greater benefits.

𝑃 0 ∶ 𝑚𝑎𝑥
⃖⃖⃖⃖⃖⃖⃗𝑥𝑘,𝑛, ⃖⃖⃖⃗𝑥𝑒𝑘, ⃖⃖⃖⃖⃗𝑥

𝑚
𝑘

𝑆𝑎𝑡𝜔𝑎𝑡 +
∑

𝑛∈𝑁

1
𝑈𝑛(𝑅)

s.t.
∑

𝑛∈
𝑥𝑘,𝑛 ≤ 1,∀𝑘 ∈  (9(𝑎))

∑

𝑛∈ 1𝐴𝑧
𝑥𝑘,𝑛𝑛

𝑀𝑉 ≤ 𝑦,∀𝑘, 𝑛 (9(𝑏))

∑

𝑛∈
𝑥𝑘,𝑛𝛼𝑛 ≤ 𝛼

𝑦
(9(𝑐))

∑

𝑛∈
𝑥𝑘,𝑛𝛽𝑛 ≤ 𝛽

𝑦
(9(𝑑))

∑

𝑛∈
𝑥𝑘,𝑛𝛾𝑛 ≤ 𝛾

𝑦
(9(e))

∑

𝑛∈
𝑥𝑘,𝑛𝑟

𝑒
𝑘(𝑡) ≥ 𝑑𝑒𝑘,∀𝑘, 𝑛 (9(𝑓 ))

∑

𝑛∈
𝑥𝑘,𝑛𝑟

𝑚
𝑘 (𝑡) ≥ 𝑑𝑚𝑘 ,∀𝑘, 𝑛 (9(𝑔))

∑

𝑛∈
𝑥𝑘,𝑛𝑏𝑛 ≥ 𝑃𝑓 ,∀𝑛 ∈  (9(ℎ))

𝑥𝑘,𝑛 ∈ {0, 1},∀𝑘, 𝑛 (9(i))

(10)

where, 9(𝑎) indicates that each terminal 𝑘 can be associated with at
most one MVNO. 9(𝑏) indicates that the number of slice types that
MVNOn obtains from the MNO cannot be greater than  . 9(𝑐), 9(𝑑),
and 9(𝑒) state that the total number of sliced RBs obtained by MVNOn
from MNO cannot exceed the maximum number of RB’s provided by
MNO. 9(𝑓 ) and 9(𝑔) indicate that the RBs allocated by MVNO to the
terminals meet the communication requirements of eMBB and mMTC

terminals, respectively. 9(ℎ) indicates that the MVNO offer must be at
least greater than or equal to the predetermined price of the MNO. 9(𝑖)
indicates that the variable 𝑥𝑘,𝑛 is a binary variable. It is assumed that
each terminal 𝑘 submits only one kind of sliced resource request and
all the smallest RBs are labeled with different counting symbols by the
MVNO.

The optimization problem 𝑃 0 consists of both discrete and contin-
uous variables, hence it is considered as a Mixed Integer Nonlinear
Programming (MINLP) problem and can thus be proved to be a stan-
dard traveler problem. To solve the NP-hard problem, we design a
hierarchical auction model across terminals, MVNOs, and MNOs. The
upper layer auction solves the problem of MVNO resource acquisition,
while the lower layer auction solves the problem of power terminal
resource allocation.

4. Wireless resource auction algorithm

In this paper, we propose a Multi-hop Progressive Auction Algo-
rithm (MPAA) with MVNOs and MNOs. To solve the resource allo-
cation problem of MVNO and power terminals, a Terminal Resource
Allocation Strategy (TRAS) based on utility optimization is proposed.

4.1. Multi-hop progressive auction algorithm

In MPAA, each buyer designs a unique bidding strategy, using
open bidding to form hybrid bids. The sliced resource valuation is
updated through comparisons with existing hybrid bids, enhancing
cost-effective resource allocation. This auction must satisfy the follow-
ing conditions: (a) The information about all bidders’ bids is transparent
and each bidder has access to information about other bids. (b) Com-
pleting the auction within the specified time. (c) Avoid jump bidding
and mitigate threshold issues.

4.1.1. Primitive pricing and bidding resource portfolio
The MNO possesses the time–frequency resources in a particular

band, and a cost is associated with reserving these resources. The cost
is composed of a resource block’s reservation cost 𝑃𝑟𝑒𝑣 and a slice
instantiation cost 𝑃𝑖𝑛𝑖𝑡. The MNO’s minimum reservation price is 𝑃 ′

𝑟𝑒𝑣 =
𝑃𝑟𝑒𝑣+𝑃𝑖𝑛𝑖𝑡. As terminals have diverse transmission quality requirements,
the MNO will preferentially reserve channel resources for high-priority
slices.

4.1.2. MVNO bidding resource portfolio
To simplify the portfolio of MVNO bidding resources, we have

defined the following concepts.
Resource Block: A resource block is the smallest unit of resource

type that cannot be divided, denoted as {𝛼, 𝛽, 𝛾,…}. It can be used to
represent a variety of wireless resources, such as eMBB resource blocks,
uRLLC resource blocks, and mMTC resource blocks.

Resource Package: Different wireless resources are assembled into a
resource package, denoted as

{

𝛺1, 𝛺2,…
}

. A resource package consists
of squares of different resources.

Resource grouping: A resource grouping consists of resource pack-
ages of different resource types, indicated as

{

𝛷1, 𝛷2,…
}

. Resource
grouping 𝜙𝑖 consists of different combinations of 𝛺𝑖, where there are
no duplicate resource types between 𝛺𝑖.

To describe the resource portfolio and its value, at this stage, we
define a uniform bidding language as follows.

𝑏𝑖𝑛 = < 𝑛,𝛺𝑖, 𝑣𝑛(𝛺𝑖) > (11)

where, 𝑛 is the 𝑛th MVNO, 𝛺𝑖 is the 𝑖th resource portfolio, and 𝑣𝑛(𝛺𝑖) is
the MVNO’s evaluation value for resource portfolio 𝛺𝑖. 𝛷1, 𝛷2,… , 𝛷𝑖 ∈
 is a collection of what are known as resource grouping.
𝑟
⋃

𝑖=1
𝛷𝑖 =  , 𝛷𝑖 ∩𝛷𝑗 = ⊘,∀𝑖 ≠ 𝑗 (12)
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The definition indicates that each resource package in the set of re-
source packages collectively constitutes a complete set of resource types
| |, and that there are no overlapping sliced resource types between
any of the resource packages. For instance, a hybrid bid 𝐵 comprises
the set 𝛤𝑖 =

{

𝛷1, 𝛷2,… , 𝛷𝑟
}

, denoted 𝐸(𝛤𝑖); 𝑣(𝛷1), 𝑣(𝛷2),… , 𝑣(𝛷𝑛).
Therefore, a hybrid bid comprises 3𝑛+ 1 pieces of information. The

initial piece of information is the total valuation of the hybrid bid c.
The remaining 3𝑛 pieces of information are: (1) The description of
the resource package block 𝛷𝑖. (2) The value of the bids on resource
package block 𝛷𝑖. (3) the bidder identity of resource package block 𝛷𝑖.
We use the following expression to represent a composite bid.

𝐵 =< 𝑛, 𝛤𝑖, 𝐸(𝛤𝑖) > (13)

Each MVNO is tasked with solving its bid composition problem.
They are provided with a hybrid bid request that includes
non-overlapping resource packages. We maximize an objective function
based on their preferences. This problem is shown as 𝑃1.

𝑃 1 ∶ 𝑚𝑎𝑥 𝑈 (𝑣𝑛(𝛺𝑖)𝑥𝑖𝑛),

s.t. 𝛺𝑖 ∩𝛺𝑗 = ⊘, 𝑖 ≠ 𝑗

𝑥𝑗𝑛 ∈ {0, 1} ,∀𝑏𝑖𝑛 ∈ 𝑌 𝑔
𝑛

(14)

where 𝛺𝑖 ∩ 𝛺𝑗 = ⊘ indicates a resource type that is not duplicated
between resource packages. 𝑥𝑗𝑛 is a binary decision variable. If ∀𝑏𝑖𝑛 ∈ 𝑌 𝑔

𝑛
is assigned to terminal 𝑀𝑉𝑛, 𝑥𝑗𝑛 = 1. Otherwise, 𝑥𝑗𝑛 = 0. Where 𝑌 𝑔

𝑛
is the set stored by 𝑀𝑉𝑛 in 𝑔th round, which contains all mixed bids
previously made by other MVNOs that have no more than 𝑔 kinds of
each resource package in the mixed bids. The 𝑔th round is the auction
of rounds in the current auction, and when 𝑔th round is reached, the
maximum number of kinds of each resource grouping in the mixed bids
must not exceed the 𝑔th rounds. The set 𝑌 𝑔

𝑛 contains the candidate bids
that can be used to form a new mixed bid.

𝑌 𝑔
𝑛 = 𝐶𝑔

𝑛 ∪
{

𝑏𝑖𝑛,∀𝛺𝑖 ⊆  , ||𝛺𝑖
|

|

≤ 𝑔
}

(15)

𝐶𝑔
𝑛 = 𝐶𝑔−1

𝑛 ∪ (
⋃

𝑚∈𝑁,𝑚≠𝑛
𝐵𝑔−1
𝑚 ) ∪ 𝐶0

𝑛 = ⊘ (16)

4.1.3. MPAA details
To solve problem 𝑃 1, we propose a Multi-hop progressive auction

algorithm. When 𝑔 = 1, each MVNO bids for only one resource and
broadcasts its bid. Each MVNO compares its own bid with the bids of
other MVNOs and stores the highest value in its respective repository
𝐶𝐵0. If there are multiple identical bids for a resource, the number of
multiple winners 𝑞𝐾 is broadcast among the bidders before the end of
phase 1. The pseudo-code of the algorithm is as follows.
Algorithm 1: Stage-One Adaptive Resource Allocating Algorithm
Input: 𝐶𝑂𝑀𝑖, |𝑇 |
Output: 𝑆𝐷1

1: for 𝑖 = 1 ∶ |𝑇 | do
2: if |

|

𝛺𝑖
|

|

= 1 then
3: if 𝑣𝑛(𝛺𝑖) > 𝑣𝑚(𝛺𝑖), ∀𝑚 ≠ 𝑛 ∈ 𝑁 then
4: 𝑆𝐷1 ⟵ 𝑏𝑖𝑛
5: end if
6: end if
7: if |

|

𝛺𝑖
|

|

≥ 2 then
8: Select winners 𝑞𝐾 , Select |

|

𝛺𝑖
|

|

in 𝑆𝐷1

9: |

|

𝛺𝑖
|

|

⟵
|𝛺𝑖|

𝑞𝐾

10: Update 𝑆𝐷1

11: end if
12: end for
13: Return 𝑆𝐷1

If 𝑔 > 1, each MVNO constructs hybrid bids by combining bids,
and the total valuation of the new hybrid bids must be greater than
the current best hybrid bid. If no new hybrid bids are proposed in the

𝑔th round of auction, the auction jumps to the next round. During the
auction at each round, the bid for the combination of its own demand
resource types is gradually increased until the valuation of a resource
package in the current mixed bid does not increase. When 𝑔 = | |,
each MVNO stops proposing new hybrid bids. The hybrid bids are
stored in their respective evaluation repositories 𝑆𝐷𝑔 , updating their
respective selected resource packages as described in Algorithm 2.
According to the analysis derived from the pseudocodes of Algorithm
1 and Algorithm 2, the time complexity of the MPAA is 𝑂(𝑛2).
Algorithm 2: Multi-hop Auction Algorithm
Input: 𝑏𝑖𝑛, 𝑆𝐷1

Output: 𝑆𝐷|𝑆|

1: for 𝑔 = 2 ∶ |𝑆| do
2: while 𝐸(𝑃𝑛) − 𝐸(𝑃𝑚) ≤ 𝑣𝑛(𝛺𝑖) do
3: if 𝛺𝑖 ∩𝛺𝑗 = ⊘, 𝑖 ≠ 𝑗 then
4: 𝛷 ⟵ 𝛺𝑖

5: 𝑃𝑛 ⟵
{

𝛷1, 𝛷2, ..., 𝛷|𝐶𝑔
|

}

6: 𝐸(𝑃𝑛) =
∑

|𝐶𝑔
|

𝑖=1 𝑝𝑛(𝛷𝑖)
7: end if
8: if 𝐸(𝑃𝑛) > 𝐸(𝑃𝑚) then
9: 𝑆𝐷𝑔 ⟵ 𝐵𝑔

𝑛 (𝐸(𝑃𝑛))
10: else
11: 𝐸′ (𝑃𝑛) = 𝐸(𝑃𝑛) + 𝜖
12: 𝑆𝐷𝑔 ⟵ 𝐵𝑔

𝑛 (𝐸
′ (𝑃𝑛))

13: end if
14: end while
15: 𝑆𝐷𝑔 ⟵ 𝐵𝑔

𝑛
16: 𝐶𝑔 ⟵ 𝐶𝑔 ∪

⋃

𝑛∈𝑁,𝑛≠𝑚 𝐵𝑔
𝑚

17: end for
18: Return 𝑆𝐷𝑆

4.2. Terminal resource allocation strategy based on improved particle
swarm optimization

Since each wireless resource block is an independent individual,
multiple terminals competing for the same resource block can only
have one winner. When the number of competing terminals is large,
the computational complexity of the spectrum allocation algorithm is
high. To solve the resource allocation problem of MVNO and power
terminals, the TRAS based on Improved Particle Swarm Optimization
is proposed. The algorithm contains two parts: Probabilistic Solution
Correction Algorithm (PSCA) and Improved Discrete PSO.

4.2.1. Terminal bid initialization and problem modeling
In the terminal resource allocation process, the auctioneer is the

MVNO, and the bidder is the power terminal 𝐾. The number of resource
blocks obtained by power terminal 𝐾 will affect its satisfaction. We
define the terminal’s bid 𝑣𝑖𝑘 for a resource block as follows.

𝑣𝑖𝑘 = 𝑝𝑏𝑅𝑏𝜔𝑐𝜇 (17)

where 𝑅𝑏 is the number of resource blocks included in the bid submit-
ted by terminal 𝐾. 𝜔𝑐 is the valuation factor, which increases with the
increase of 𝑅𝑏. It is defined as 𝜔𝑐 = 𝑅𝑏∕𝑅𝑟𝑒𝑞 . 𝜇 is a random evaluation
factor, 𝜇 ∈ [1, 1 + 𝜏], where 𝜏 is a small positive value. 𝑝𝑏 is the base
selling price of sliced resources to the MVNO.

𝑝𝑏 =

⎧

⎪

⎨

⎪

⎩

𝑝𝑒𝐻𝑏 , eMBB(HP)
𝑝𝑒𝐿𝑏 , eMBB (LP)

𝑝𝑚𝑏 , mMTC
(18)

The bid of each terminal is defined as follows.

𝑏𝑖𝑘 =
⟨

𝑛𝑘, 𝑅𝑖𝑛𝑑 , 𝑣
𝑘
𝑘
⟩

(19)

where, 𝑛𝑘 is the terminal number, 𝑅𝑖𝑛𝑑 is the resource demand set of the
terminal, and 𝑣𝑖𝑘 is the bid for the corresponding resource combination.
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The bid set 𝐵𝑘 = {𝑏1𝑘, 𝑏
2
𝑘,… , 𝑏𝑖𝑘}. The resource allocation problem 𝑃2

between the MVNO and power terminals can be formulated as follows.

𝑃 2 ∶ max 𝑈
(

𝑣𝑖𝑘, 𝑥
𝑖
𝑛
)

, 𝑥𝑖𝑛 ∈ {0, 1}

s.t. 𝑏𝑖𝑘 ∩ 𝑏𝑗𝑘 = ⊘, 𝑖 ≠ 𝑗
(20)

The constraint 𝑏𝑖𝑘 ∩ 𝑏𝑗𝑘 = ⊘ indicates that the two winning resource
combinations do not overlap. 𝑥𝑖𝑛 is a binary decision variable, where
𝑛 ∈ 𝑁 . If the resource combination 𝑅𝑖𝑛𝑑 is allocated to terminal k, 𝑥𝑖𝑛 =
1; otherwise, it is 0. It is demonstrated that the 𝑃2 problem is a winner
problem for multi-objective optimization.

The number of bids proposed by terminals is very large, leading
to relatively low efficiency in solving the 𝑃 2 problem. For example,
assuming that a certain power terminal requires a certain number
of resource blocks 𝑅𝑟𝑒𝑞 = 5, and the MVNO can provide 100 sliced
resource blocks. According to the analysis, the maximum number of
effective bids 𝑏𝑚𝑎𝑥 proposed by this terminal is as follows.

When 𝑅𝑟𝑒𝑞 = 5, the effective value of 𝑅𝑏 are 1,2,3,4,5.
(1) If 𝑅𝑏 = 1, the number of effective bids is 100.
(2) If 𝑅𝑏 = 2, the number of effective bids is 𝐶2

100.
(3) If 𝑅𝑏 = 3, the number of effective bids is 𝐶3

100.
(4) If 𝑅𝑏 = 4, the number of effective bids is 𝐶4

100.
(5) If 𝑅𝑏 = 5, the number of effective bids is 𝐶5

100.
So, 𝑏max = 100 + 𝐶2

100 + 𝐶3
100 + 𝐶4

100 + 𝐶5
100 = 79375495.

This is the number of effective bids proposed by a single terminal.
In this paper, the following strategy is adopted to screen all bids.

(1) Each power terminal 𝐾 initializes its bid 𝑏𝑘 based on its own
maximum required resource block number 𝑅𝑟𝑒𝑞 .

(2) If 𝑅𝑏 = 1, choose the maximum bid 𝑏1𝑘 for the resource block
valuation 𝑣𝑖𝑘. Determine whether a bid is required for 𝑅𝑏 = 2. If so,
continue with the previous section. If it is not required, then continue
to judge the next value 𝑅𝑏.

(3) Until 𝑅𝑏 = 𝑅𝑟𝑒𝑞 , pick the bid 𝑏
𝑅𝑟𝑒𝑞
𝑘 that maximizes the resource

block valuation 𝑣
𝑅𝑟𝑒𝑞
𝑘 .

(4) The number of screened bids 𝑏
(

𝑁𝑘
)

for each power terminal 𝐾
is as follows.

𝑏
(

𝑁𝑘
)

= 𝑗, 𝑗 ∈ N+, 𝑗 ≤ 𝑅𝑏 (21)

4.2.2. Discrete particle swarm optimization
Particle Swarm Optimization (PSO) is an algorithm evolved from

swarm search and has been widely applied to various optimization
problems. The position and velocity of each particle can be updated
using the following equations.

𝑣𝑡+1𝑖 = 𝜔𝑣𝑡𝑖 + 𝑐1𝑟1(𝑝𝑡𝑖 − 𝑥𝑡𝑖) + 𝑐2𝑟2(𝑔𝑡 − 𝑥𝑡𝑖),
𝑖 = 1, 2,… , 𝑆; 𝑡 = 1, 2,… , 𝑈

(22)

𝑥𝑡+1𝑖 = 𝑥𝑡𝑖 + 𝑣𝑡+1𝑖 ,
𝑖 = 1, 2,… , 𝑆; 𝑡 = 1, 2,… , 𝑈

(23)

where 𝑣𝑡+1𝑖 is the velocity, 𝑥𝑡+1𝑖 is the position. 𝑆 represents the num-
ber of particles; 𝑈 is the maximum number of iterations; 𝜔 is the
inertia weight parameter; 𝑐1 and 𝑐2 are learning factors that control
the positive knowledge of individual and population historical optimal
positions in each iteration. 𝑟1 and 𝑟2 are two random numbers in the
range of [0, 1]; 𝑝𝑡𝑖 and 𝑔𝑡 are the individual and population historical
optimal positions.

In this article, we use the particle swarm optimization algorithm to
solve the winner’s objective function 𝑃 2 in the bidding problem. The
fitness function 𝐹 𝑖𝑡𝑡𝑖 is defined as follows:

𝐹 𝑖𝑡𝑡𝑖 =
|𝐵𝑘|
∑

𝑖=1

⃖⃖⃖⃖⃗𝑋𝑡
𝑖 × 𝑣𝑖𝑘

(

𝑅𝑏
)

(24)

where, ⃖⃖⃖⃖⃗𝑋𝑡
𝑙 represents a discretized particle position vector, where each

component of the vector satisfies 𝑋𝑡
𝑖 ∈ {0, 1}. When 𝑋𝑡

𝑖 = 1, the corre-
sponding bid 𝐵𝑘 is selected. When the fitness function value is larger,
it means that the currently selected feasible bid solution vector is more
appropriate.

The initial positions 𝑥𝑡𝑖 and updated velocities 𝑣𝑡𝑖 of the particle
swarm algorithm are continuous functions, it is evident that 𝑋𝑡

𝑖 cannot
be directly obtained from 𝑥𝑡𝑖. Therefore, the following definitions are
introduced.

Definition 1. Since the solution vector of the 𝑃 2 problem is a discrete
vector value, we discretize the continuous position 𝑥𝑡𝑖 in the particle
swarm algorithm. Suppose 𝑥𝑡𝑖 is the current continuous value of the
particle position variable, 𝛿(𝑥𝑡𝑖) is the discretized value of the position
variable, and 𝛿(𝑥𝑡𝑖) ∈ {0, 1}. Subsequently, the probability value of
𝛿(𝑥𝑡𝑖) = 1 is defined as 𝑝(𝑥𝑡𝑖). Since the discretization of continuous
values needs to satisfy symmetry, 𝑝(𝑥𝑡𝑖) should satisfy the properties as
follows.

(1) When 𝑥 tends to −∞, 𝑝(𝑥𝑡𝑖) tends to 0: lim
𝑥→−∞

𝑝(𝑥𝑡𝑖) = 0
(2) When 𝑥 tends to +∞, 𝑝(𝑥𝑡𝑖) tends to 1: lim

𝑥→+∞
𝑝(𝑥𝑡𝑖) = 1

(3) When 𝑥 tends to 0, 𝑝(𝑥𝑡𝑖) tends to steady state: lim
𝑥→0

𝑝(𝑥𝑡𝑖) =
1
2

(4) Larger values of 𝑝(𝑥𝑡𝑖) tends to convert to 1: 𝑝′(𝑥𝑡𝑖) ≥ 0
(5) Symmetry requirements: 𝑝(𝑥𝑡𝑖) + 𝑝(−𝑥𝑡𝑖) = 1
The discrete state transition function can be expressed as:

𝑝(𝑥𝑡𝑖) =
1

1 + 𝑒−𝑥
𝑡
𝑖

(25)

If 𝜇 > 𝑝(𝑥𝑡𝑖), then 𝛿(𝑥𝑡𝑖) = 1; conversely, 𝛿(𝑥𝑡𝑖) = 0, where 𝜇 is the
mean of the [0, 1) distribution. Finally, the discretized position vector
is ⃖⃖⃖⃖⃗𝑋𝑡

𝑖 =
{

𝛿1
(

𝑥𝑡𝑖
)

, 𝛿2
(

𝑥𝑡𝑖
)

,… , 𝛿𝑆
(

𝑥𝑡𝑖
)}

.

4.2.3. Probabilistic solution correction algorithm
The above discretization process, ⃖⃖⃖⃖⃗𝑋𝑡

𝑙 has strong randomness. This
strong randomness has a high probability of leading to the loss of
terminal bids with higher offers. In this section, the PSCA algorithm
is proposed to correct the discrete position vector ⃖⃖⃖⃖⃗𝑋𝑡

𝑙 . Correcting the
discrete position vector ⃖⃖⃖⃖⃗𝑋𝑡

𝑙 requires constructing a feasible potential bid
vector solution ⃖⃖⃖⃗𝑃𝑜 with each component 𝑃𝑜 ∈ {0, 1}.

Assume that the power terminal 𝐾 has proposed a total of 𝑚 valid
bidding schemes to compete for the wireless slice resource block.
Construct an 𝑚 × 𝑚 square matrix based on these m bids, which is
expressed as 𝑀𝑐𝑓 .

𝑀𝑐𝑓 =

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎣

𝐶1
1 𝐶2

1 𝐶𝑚−1
1 𝐶𝑚

1

𝐶1
2 𝐶2

2 𝐶𝑚−1
2 𝐶𝑚

2

⋮ ⋱ ⋮
𝐶1
𝑚−1 𝐶2

𝑚−1 𝐶𝑚−1
𝑚−1 𝐶𝑚

𝑚−1

𝐶1
𝑚 𝐶2

𝑚 𝐶𝑚−1
𝑚 𝐶𝑚

𝑚

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎦

(26)

where, 𝐶𝑚
𝑚 is a binary number, 𝐶𝑚

𝑚 ∈ {0, 1}, expresses whether there
is a conflict between two bids, i.e. whether there is a conflict between
the bid 𝑏𝑅𝑏

𝑖 of terminal 𝑖 and the bid 𝑏𝑅𝑏
𝑗 of terminal 𝑗 for the same

resource block. If there is a conflict, 𝐶𝑚
𝑚 = 1, and vice versa is 0. 𝑀𝑐𝑓 is

a conflict judgment matrix, through which conflict bids can be quickly
judged, and its conflict judgment process is shown in Fig. 2.

Suppose ⃖⃖⃖⃖⃗𝑃𝑖𝑛 is a preliminary solution vector, which may conflict
with bids whose components are already set to 1. We transform it into a
potential solution vector ⃖⃖⃖⃗𝑃𝑜. To avoid the bids 𝑏𝑖𝑘 of potential solutions
from being discarded due to low valuation, this paper uses random
chance comparison to construct a more enlightening potential solution
vector in the process of comparing the size of bid valuation.

Definition 2. In the process of comparing the size of the bid valuation
of a sequence 𝐿, if there exists ∀𝑖 ≠ 𝑗, satisfying 𝑙𝑗 ≥ 𝑙𝑖, then there
exists a 𝜎 (0 < 𝜎 < 1) probability to give the decision 𝑙𝑗 ≥ 𝑙𝑖 and a 1 − 𝜎
probability to give the decision that 𝑙𝑗 < 𝑙𝑖.
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Fig. 2. Bid Conflict.

We take this potential bid feasible solution ⃖⃖⃖⃗𝑃𝑜 as the modified
solution of the discrete position vector ⃖⃖⃖⃖⃗𝑋𝑡

𝑙 , defined as ⃖⃖⃖⃖⃖⃗𝑋𝑡∗
𝑙 . The detailed

construction process is as described in Algorithm 3.
Algorithm 3: Probabilistic Solution Correction Algorithm (PSCA)
Input: 𝑏𝑖𝑘, 𝑀𝑐𝑓 , 𝜎
Output: 𝑋𝑡∗

𝑖
1: Initialize 𝐿, 𝐻 , 𝜎
2: for 𝑖 = 1 ∶ |

|

𝐵𝑘
|

|

do
3: for 𝑛 = 1 ∶ |

|

𝐵𝑘
|

|

do
4: if 𝑏𝑛𝑘 > 𝑏𝑖𝑘, 𝑖 ≠ 𝑛 then
5: if 𝜎 > rand (0, 1) then
6: 𝑏𝑛𝑘 insert 𝐿
7: else
8: 𝑏𝑖𝑘 insert 𝐿
9: end if

10: end if
11: end for
12: end for
13: 𝐻 = 𝐿
14: if 𝐿 ≠ ⊘ then
15: for 𝑚 = 1 ∶ |𝐻| do
16: for 𝑗 = 1 ∶ |𝐿| do
17: if 𝑚 ≠ 𝑗, 𝐻𝑚 conflict with 𝐿𝑗 then
18: Remove 𝐻𝑚 from 𝐻
19: end if
20: end for
21: end for
22: end if
23: Compare and correct 𝐻 with the conflict matrix 𝑀𝑐𝑓
24: Return 𝑋𝑡∗

𝑖

4.2.4. Improved discrete PSO algorithm
Through the work in the previous section, we obtain the modified

discrete position vector ⃖⃖⃖⃖⃖⃗𝑋𝑡∗
𝑙 . In this section, the TRAS algorithm is

proposed to update the global optimal solution 𝑔𝑡 of the particle swarm
optimization algorithm. the TRAS algorithm introduces the Simulated
Annealing (SA) algorithm, which overcomes the problem of deteriora-
tion of the population diversity during iteration. TRAS algorithm avoids
falling into the local optimal solution. We introduce the following
parameter 𝑝:

𝑝 = 𝑒𝑥𝑝
−𝐹 𝑖𝑡(𝑔𝑡+1) − 𝐹 𝑖𝑡(𝑔𝑡)

𝑇 𝑡 (27)

The parameter 𝑝 indicates the probability that the suboptimal solu-
tion is accepted. When 𝑝 is too large, the convergence of the algorithm
is poor. When 𝑝 is too small, the algorithm is inefficient and easily
falls into the local optimal solution. Where 𝑇 is the temperature of
the current system. If 𝑇 is too large, it will cause the probability 𝑝 to

converge to 1, which means that the algorithm will accept suboptimal
solutions with higher probabilities. Update 𝑇 𝑡+1 = 𝑟 × 𝑇 𝑡, 𝑟 is the
parameter that controls the rate of temperature change in [0, 1]. If 𝑟
is too large, the probability of finding a globally optimal solution using
the algorithm will be higher, but this will be a very time-consuming
process. Conversely, if 𝑟 is too small, the search process will be faster
and the algorithm may fall into local convergence. Therefore, 𝑟 is
updated using a linearly decreasing method with population iterations,
as shown in the following equation:

𝑟 = 𝑈 − 𝑡
𝑈

(28)

where 𝑈 is the maximum number of iterations and 𝑡 is the current num-
ber of iterations. As the population continues to evolve, the diversity of
the population decreases and the similarity of the particles increases.
To avoid falling into the optimal solution, the suboptimal solution 𝑝𝑡𝑛
is defined to be the 𝑛th particle in the 𝑡th iteration and 𝑛 is a random
number located between 0 and 𝑡. Because 𝑛 is too small, it is difficult to
jump out of the local optimal solution in the late iteration. However,
when 𝑛 is too large, the particles oscillate severely and it is difficult
to converge in the early iteration. The specific algorithmic process is
described as Algorithm 4. According to the analysis derived from the
pseudocodes of Algorithm 3 and Algorithm 4, the time complexity of
the TRAS algorithm is 𝑂(𝑛2).
Algorithm 4: Improved Discrete PSO
Input: 𝑏𝑖𝑘, 𝑥𝑡𝑖, 𝑣

𝑡
𝑖, 𝑝

𝑡
𝑖, 𝑔

𝑡

Output: 𝑆𝑜𝑙
1: Initialization: Dimension 𝐷 = |

|

𝐵𝑘
|

|

, 𝑥𝑡𝑖, 𝑣
𝑡
𝑖, 𝑝

𝑡
𝑖, 𝑔

𝑡

2: while 𝑡 ≤ 𝑈 do
3: for 𝑖 = 1 ∶ 𝑆 do
4: Update 𝑣𝑡𝑖 by Eq. (22)
5: Update 𝑥𝑡𝑖 by Eq. (23)
6: Discrete 𝑥𝑡𝑖 to get ⃖⃖⃖⃖⃗𝑋𝑡

𝑙 by Eq. (25)
7: Calculate the fitness value 𝐹 𝑖𝑡𝑡𝑖 of the particle ⃖⃖⃖⃖⃗𝑋𝑡

𝑙 in PSCA
Algorithm

8: if 𝐹 𝑖𝑡𝑡𝑖(𝑥
𝑡
𝑖) > 𝐹 𝑖𝑡𝑡𝑖(𝑝

𝑡
𝑖) then

9: 𝑝𝑡𝑖 = 𝑥𝑡𝑖
10: end if
11: end for
12: if 𝐹 𝑖𝑡(𝑔𝑡+1𝑡𝑒𝑚𝑝) > 𝐹 𝑖𝑡(𝑔𝑡) then
13: if 𝑝 >rand(0, 1) then
14: Update the global optimal solution, 𝑔𝑡+1 = 𝑝𝑡𝑛;
15: else
16: 𝑔𝑡+1 = 𝑔𝑡

17: end if
18: else
19: 𝑔𝑡+1 = 𝑔𝑡+1𝑡𝑒𝑚𝑝
20: end if
21: end while
22: Return 𝑆𝑜𝑙

5. Simulation results

5.1. Simulation parameter and performance metrics

In this section, we set the parameters of MPAA and TRAS to simu-
late the experiments. All experiments were performed using MATLAB
R2021b on a PC with an Intel Core i5 (3 GHz) and 32 GB of RAM. The
simulation parameters are shown in Table 1.

We employ four evaluation metrics for evaluated-different perfor-
mance attributes of the algorithm.

(1) Social Welfare 𝑆𝑊 : the sum of the gains from all auction
participants;

𝑆𝑊 = 𝜔𝑠𝑒𝑙𝑙
(

𝑣𝑛
(

𝛺𝑖
)

− 𝑃𝑓
(

𝛺𝑖
))

+ 𝜔𝑏𝑢𝑦
(

𝑃𝑛
(

𝛺𝑖
)

− 𝑣𝑛
(

𝛺𝑖
))

(29)
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Table 1
Simulation parameters.

Algorithm Parameters Values

MPAA

Number of MVNOs 3∼11
Cost per auction round 2 ms
Number of MNO resource blocks 100
Number of slice types 3,4,5,6,7
bid valuation increment 𝜖 1,5,10,15
Cost of MNO reserved RBs 2

TRAS

Nonlinear exponent 𝜔 3
Positional quantities x [−100,100]
Speed v [−200,200]
Topological structure toroidal
Population size 53
Initial temperature 𝑇0 100
End temperature 𝑇𝑓 0.1

where, 𝑃𝑓
(

𝛺𝑖
)

is the slicing cost of the MNO. 𝑣𝑛
(

𝛺𝑖
)

is the bidding
price of the MVNO. 𝑃𝑛

(

𝛺𝑖
)

is the bidding budget of the MVNO. 𝜔𝑠𝑒𝑙𝑙
and 𝜔𝑏𝑢𝑦 are the auctioneer’s revenue weight and the bidder’s revenue
weight, respectively.

(2) MVNO Cost 𝑈𝑛(𝑅) : The cost of the MVNO participation in
auction bidding;

(3) Superiority Rate 𝑆𝑢𝑝: the quotient of the current fitness value
and the optimal value of the problem;

𝑆𝑢𝑝 =
𝑔𝑡

𝑔𝑚𝑎𝑥
(30)

where 𝑔𝑡 is the current adapted value of the algorithm. 𝑔𝑚𝑎𝑥 is the
optimal value of the objective problem.

(4) Terminal Satisfaction 𝑆𝑎𝑡: an indicator that measures the match-
ing of bid allocations to the needs of terminals.

5.2. Simulation result analysis of MPAA

In the simulation experiments of MPAA, we analyze the effect of
different numbers of MVNOs and bid valuation increments 𝜖 on the
performance of MPAA. And we compare the MPAA with three different
algorithms [31–33].

5.2.1. The effect of bid evaluation increments on social welfare and con-
vergence time

Fig. 3 shows the change in the social welfare of the MPAA as the
number of rounds increases with different bid valuation increments 𝜖.
As can be seen in the figure, the social welfare first increases rapidly
and then stops varying after reaching the inflection point. It can be
observed that the larger the bid valuation increment 𝜖, the smaller
the social welfare. However, the larger the bid valuation increment
𝜖, the faster the convergence rate. This is because the increase of bid
valuation increment 𝜖 causes MVNOs to exit the auction early due to
bidding over budget. This may result in the final bidding of the MVNO
being well below the budgeted threshold, which reduces social welfare.
The increase in bid valuation increment 𝜖 also reduces the number of
auction rounds, which decreases the convergence time of MPAA.

5.2.2. MPAA bidding progress
Fig. 4 shows the bidding progress for four different types of slic-

ing resources. It can be seen that the value of slice resources varies
considerably between rounds, but the total value increases gradually
based on the bid valuation increment 𝜖. The figure shows that some
slice resources did not generate bids in some rounds. This is because,
during the auction process, the MVNO discovered that other bidders
were bidding too high for the slice resources. To reduce the unnecessary
bidding cost, MVNO shifted the budget of that slice resource to others.

Fig. 3. The change in social welfare as the number of rounds increases.

Fig. 4. MPAA Bidding Progress.

5.2.3. Effect of bid valuation increments on auction consumption delay
Fig. 5 illustrates the effect of the number of MVNOs on the auction

consumption delay of MPAA. As shown in the figure, the auction con-
sumption delay increases with the increase in the number of MVNOs.
This is because the complexity of the auction rises as the number of
MVNOs increases. When the number of MVNOs holds constant, the
delay decreases as the bid valuation increment 𝜖 increases. This is
because the entire auction is completed in a short time when 𝜖 is
increased, which reduces the auction consumption latency of MVNO.

5.2.4. Comparison of social welfare and MVNO costs
The social welfare of the four algorithms with different numbers of

MVNOs is shown in Fig. 6(a). As seen in the figure, the social welfare of
the centralized algorithm is the highest. The social welfare of MPAA is
not much different from that of centralized algorithm [31]. The social
welfare of the randomized algorithm [32] is the lowest. This is because
resource bids in MPAA are determined by several rounds of auctions,
which avoids revenue depletion caused by single bids and increases the
social welfare of MPAA. Fig. 6(b) compares the MVNO cost of MPAA
and the Central algorithm. The figure shows that MVNO cost of MPAA
saves 6.12% compared to the Central algorithm. This is because MVNOs
in MPAA bid rationally in auctions, which can reduce unnecessary costs
and increase MVNO revenue.
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Fig. 5. Variation in auction consumption delay.

Fig. 6. Comparison of social welfare and MVNO cost for different algorithms.

Fig. 7. Superiority Rate for different algorithms.

5.3. Simulation result analysis of the TRAS

5.3.1. Superiority rate
In Fig. 7, we compare the average superiority rates of the three

algorithms [32,34,35]. Fig. 7(a) and Fig. 7(b) show the superiority rates
for two different bid totals. The figure shows that the superiority rate
increases gradually as the numbers of iterations increase. Compared to
other algorithms, TRAS has the largest superiority rate. This is because
the PSCA algorithm is used to correct the discretized error, which
makes the solution closer to the optimal solution, thus increasing the
superiority rate.

5.3.2. Terminal satisfaction
Fig. 8 illustrates the average terminal satisfaction for the four al-

gorithms. As the number of terminals increases, the average terminal
satisfaction gradually decreases. TRAS has the highest terminal satisfac-
tion. DGWO [34] has terminal satisfaction closer to TRAS. KDPSO [35]
and Random algorithm have lower terminal satisfaction. This is because

Fig. 8. The TRAS bidding progress.

KDPSO is prone to fall into local optimization, which leads to a de-
crease in terminal satisfaction. The TRAS adopts a simulated annealing
algorithm to optimize the global search, which effectively avoids the
local optimum problem and improves terminal satisfaction. In addition,
the PSCA algorithm is used to correct the discretized error in TRAS,
resulting in higher terminal satisfaction than DWGO.

6. Conclusion

We propose a fully distributed, auctioneer-free, hierarchical auction
method for wireless resource allocation in local Power AIoT. In the
upper tier, we employ a multi-hop progressive auction to address slicing
resource allocation between MNOs and MVNOs. In the lower tier, a
benefit optimization-based strategy allocates time–frequency resource
blocks between MVNOs and power terminals. Simulation results show
that the social welfare of MPAA decreases with incremental bid eval-
uation, with shorter convergence. MPAA achieves the highest social
welfare and reduces the bidding overhead of MVNOs by 6.12%. TRAS
exhibits faster convergence, increasing terminal satisfaction in private
edge cloud systems.
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